Land managers and ecologists working in Mediterranean-type ecosystems require information on postfire recovery of shrublands as a means of identifying long-term changes in these sensitive systems. This study evaluates the utility of postfire regrowth trajectories, derived from multi-temporal Landsat satellite surface reflectance imagery, as a basis for estimating postfire recovery of chamise chaparral in southern California. Postfire recovery metrics are applied to time series trajectories of spectral vegetation indices (SVIs) including NDVI, EVI, SAVI, MSAVI, NBR, and NBR2. Shrub fractional cover changes following postfire recovery are estimated at 74 plots using multidate high spatial resolution orthoimagery, enabling stratification of the recovery outcomes. The sensitivity of Landsat-based regrowth trajectories to postfire shrub recovery is assessed by ANOVA statistical testing based on the stratified recovery outcomes. We evaluate several combinations of postfire recovery metrics and SVIs as postfire recovery indicators. We compare SVI trends extending 19 to 29 years postfire with field-collected data on postfire recovery trends reported in previous studies, in order to assess the sensitivity of the SVIs to shortand long-term phases of regrowth. The utility and necessity of normalizing SVI time series based on unburned control plots to reduce moisture effects is also evaluated. A primary finding is that the Scaled Recovery Metric (SRM), a variant of the Regeneration Index which incorporates the pixel-specific SVI value immediately after fire, is a particularly useful indicator of postfire recovery based on time-sequential SVI trajectories and facilitates inter-site comparisons. Time series of several SVIs (especially NDVI and NBR2) provide statistically significant (p b 0.05) indications of postfire recovery outcomes when postfire recovery metrics are applied; NDVI and NBR2 are also sensitive to the gradual regrowth of chamise up to 12 and 19 years postfire, respectively. Normalization by unburned control plots reduces the correlation of Landsat SVIs with annual precipitation by 25 to 70% and enhances recovery signals, but locating suitable control plots was difficult in many parts of our study area. NBR2 is useful for postfire recovery assessment without normalizing by control plots. This study provides an overview of some advantages, limitations, and technical considerations for using postfire regrowth trajectories from Landsat imagery to assess long-term impacts of fire on chamise chaparral.
Introduction
Assessing rates and spatial patterns of vegetation recovery following wildland fire events is important for shrubland communities that may risk degradation or type conversion under certain fire and disturbance regimes (Chuvieco & Kasischke, 2007; Viedma et al., 2006) . Chamise chaparral is a shrub community widely distributed in Alta and Baja California and dominated by chamise (Adenostoma fasciculatum), a shrub species observed to be non-resilient from fire in some areas (Haidinger & Keeley, 1993; Lippitt et al., 2013; Zedler et al., 1983) . Type conversion of chamise to other community types dominated by subshrub and herbaceous growth forms may be linked to frequent burning (Haidinger & Keeley, 1993; Lippitt et al., 2013; Zedler et al., 1983) , and exacerbated by drought during early regrowth years and invasion by non-native plants (Keeley & Brennan, 2012; Keeley et al., 2009) . More information on the spatial extent and magnitude of type conversion in chamise would aid in understanding its causes more clearly.
Field-plot sampling is not ideal for large-scale study of postfire vegetation dynamics due to issues of limited spatial coverage and representativeness, difficulty of site accessibility, labor costs, and the requirement that fire occurs in areas where prefire vegetation was surveyed. Assessing postfire vegetation recovery based on high spatial resolution aerial imagery may be cost prohibitive and challenging due to limited availability of prefire and postfire images (Wing et al., 2014) . Multi-temporal Landsat imagery of southern California has been collected since 1984 by Thematic Mapper (TM), Enhanced Thematic Mapper Plus (ETM+), and Operational Land Imager (OLI) sensors. The Landsat image archive is potentially useful for assessing rates and large-scale spatial patterns of postfire recovery in chamise chaparral, due to its multi-spectral coverage (visible, near infrared, shortwave infrared, and thermal infrared wavebands), and 30 m nominal spatial resolution (60 or 90 m for thermal infrared). The 30 m spatial scale is consistent with that of most localized vegetation changes (Masek et al., 2013; Skole & Tucker, 1993; Tucker & Townshend, 2000; Wulder et al., 2008) . Landsat satellite systems have~16-day revisit intervals, providing greater temporal coverage than aerial image archives (Hansen et al., 2010; Masek et al., 2008) . Landsat surface reflectance data generated by the United States Geologic Survey (USGS) enhances the comparability of multi-temporal observations which support land change research. The USGS provides the following spectral vegetation indices based on Landsat surface reflectance imagery: Normalized Difference Vegetation Index (NDVI) (Rouse et al., 1974) , Enhanced Vegetation Index (EVI) (Huete et al., 1999) , Soil-Adjusted Vegetation Index (SAVI) (Huete, 1988) , Modified Soil-Adjusted Vegetation Index 2 (MSAVI2) (Qi et al., 1994) , Normalized Difference Moisture Index (NDMI) (Hardisky et al., 1983) , Normalized Burn Ratio (NBR) (Key & Benson, 1999) , and Normalized Burn Ratio 2 (NBR2) (Key & Benson, 2006) .
A useful approach for assessing postfire vegetation recovery using multi-temporal satellite imagery is to derive time-sequential regrowth trajectories based on SVIs (Hope et al., 2007; Quayle et al., 2005; Riaño et al., 2002; van Leeuwen et al., 2010; Viedma et al., 1997) . This approach provides more reliable estimates of the timing and magnitude of vegetation changes than two-date image differencing (Fraser et al., 2011) . High spatial resolution orthoimagery represents a source of reference data for assessing the sensitivity of time-sequential Landsat SVI trajectories (and applied recovery metrics) to shrub cover change and type conversion. Fractional cover of shrubs is a key metric in classifying chaparral communities and can be used to assess ecological health and postfire recovery; reduction of shrub cover and increase of herbaceous or subshrub cover represents type conversion and degradation (Haidinger & Keeley, 1993; Keeley & Brennan, 2012; Lippitt et al., 2013; Zedler et al., 1983) . Such type conversions have occurred in San Diego County, California in recent decades (Keeley & Brennan, 2012; Lippitt et al., 2013) .
In order to assess postfire recovery of a Mediterranean shrubland based on Landsat imagery, Roder et al. (2008) fit piece-wise linear and polynomial regression models to the time series trajectories of each pixel, which supported comparison of prefire to postfire vegetation covers. A pixel-tracking approach is preferable because it reduces effects of inter-site differences in vegetation composition, substrate, and differential controls on vegetation growth (Hope et al., 2007; Narasimhan & Stow, 2010 ), compared to a chronosequence approach (McMichael et al., 2004; Peterson & Stow, 2003) . In addition to vegetation recovery signals, Landsat SVI trajectories may capture changes in soil and plantavailable moisture and plant phenology (Diaz-Delgado et al., 1998) . To reduce the contribution of herbaceous plants (which are typically admixed in Mediterranean-type shrublands) to modulating SVI values, researchers commonly select images from dry months when herbaceous vegetation is senescent (Henry & Hope, 1998; Hope et al., 2007; McMichael et al., 2004) . Normalization based on control plots of the same vegetation type that are mature and remain unburned during a study period has proven useful to suppress inter-annual precipitation effects on plant and soil moisture, for the purpose of postfire regrowth analysis (Diaz-Delgado et al., 2002; Diaz-Delgado et al., 1998; Idris et al., 2005; Li et al., 2008; Riaño et al., 2002) . This approach is expressed computationally as the Regeneration Index (RI) normalization, which has the following form:
where SVI recovering is the spectral vegetation index (SVI) value of a pixel during postfire regrowth, and SVI control is the SVI value of a control plot, extracted from each image of a time series (Diaz-Delgado et al., 1998) . Broad-scale application of this index is limited by the difficulty of selecting relevant control plots (Gitas et al., 2012) . In addition, chaparral can exhibit different spatial patterns of NDVI during dry versus moist periods (Hope et al., 2007) , which may introduce uncertainty in RI values and resultant trajectories. Applicability of RI normalization may be limited at burned sites (near the middle of large fire scars) that lack unburned neighbor sites, and by land cover differences or heterogeneity in the unburned landscape matrix (Gitas et al., 2012) . This use of control-plot normalization represents an additional variable and potential constraint to postfire recovery assessments of chaparral based on time-sequential satellite imagery.
The main goal of this study is to assess the utility of Landsat SVI time series for detecting signals of differing postfire recovery trajectories in chamise chaparral. Our objectives are: 1) to assess the sensitivity of several SVIs and metrics of postfire recovery, relative to changes in shrub cover estimated from high spatial resolution orthoimagery, 2) to determine how trajectories based on Landsat SVIs differ in short-term and long-term phases of postfire recovery, and 3) to assess the utility and feasibility of normalizing the SVI time series based on control plots to obtain clearer postfire recovery signals. This study addresses the following research questions in the context of chamise chaparral in southern California and its recovery 4 to 20 years after burning in wildland fires:
1. Which SVIs and regrowth trajectory metrics are most effective for distinguishing postfire recovery outcomes of chamise in a categorical manner (e.g. recovered, moderately degraded, and severely degraded)?
2. How do Landsat SVIs differ in sensitivity to the rapid, short-term (1 to 7 years) and gradual, long-term (10 to 20 years) postfire recovery phases of chamise? 3. To what extent is normalization for inter-annual moisture effects on SVI trajectories (using unburned control plots) beneficial, necessary, and feasible for postfire recovery assessment of chamise chaparral?
Methods

Overview of research approach
The main component of this study is to characterize temporal trajectories of Landsat SVIs for selected chamise sites of known fire histories and various levels of postfire shrub recovery, in order to evaluate the utility of the time series and applied metrics for detecting postfire recovery and partial type conversion. The general workflow of this study is illustrated by Fig. 1 .
High spatial resolution orthoimagery is used to estimate prefire and postfire differences in growth form cover types, with an emphasis on true shrubs, in order to determine if differences between prefire and postfire Landsat SVI values relate to differences in shrub cover. We evaluate several SVIs and metrics applied to the Landsat SVI time series. Analysis of variance (ANOVA) tests and scatterplots are used to determine which time series metrics and SVIs are most capable of distinguishing recovered, moderately degraded, and severely degraded sites (addressing research Question 1). We also assess the accuracy of the prefire and postfire growth form maps based on orthoimagery, which are a key part of this study. The analytical component described above is termed the regrowth trajectory sensitivity analysis.
The second component of this study is based on SVI time series of sites which last burned between 1984 and 1994, enabling assessment of longer-term SVI trajectories. We refer to published, field-based data on postfire height and fractional cover increase in chamise, in order to explain differences observed in the long-term SVI trajectories. This component is termed the long-term change analysis and addresses Question 2. Postfire SVI time series of each site are derived with and without normalization based on unburned control plots. We empirically evaluate the utility of RI normalization by testing correlation with inter-annual precipitation, and explore whether recovery assessments are possible without normalization (addressing Question 3) by comparing results from each of the SVIs.
Study area
The study area is located in a central, north-south trending region of San Diego County, California (USA) which is largely rural and contains variable topographic features. It is covered by approximately 740 km 2 of chamise chaparral, which occurs mainly on xeric, south-and westfacing slopes in low-elevation (100 m ASL) to mid-elevation (1250 m ASL) areas within a patch mosaic of other chaparral and vegetation types. Mean annual precipitation in the study area ranges from 250 mm at lower-elevation sites to 650 mm at higher-elevation sites. Approximately 93% of the mean annual precipitation occurs between October and April, which is followed by a protracted, dry summer season, typical of Mediterranean-type climate zones such as this.
Data
We obtained a 30-year (1984-2014) Landsat image time series of WRS path 40/row 37 through the USGS Land Surface Reflectance Climate Data Record (LSRCDR) (http://espa.cr.usgs.gov/). These image products are in surface reflectance form, based on Level-1 Landsat 5 TM and Landsat 7 ETM+ images using Landsat Ecosystem Disturbance Adaptive Processing System (LEDAPS) and Landsat 8 OLI images (using the L8SR algorithm) through radiometric calibration and correction for atmospheric effects and seasonal variations in illumination. Topographic and bi-directional reflectance distribution effects are not corrected in the LEDAPS and L8SR processes. Landsat 4-5 TM images are the only satellite image data that were used for the period 1984 to 2011, in order to maximize sensor consistency. Landsat 7 ETM+ images were only used for 2012, as they contain no-data pixels from the scan line corrector offset malfunction after 2003 (cf. Storey et al., 2005) . Landsat 8 OLI images were used for 2013 and 2014.
We used annual single-date Landsat SVI images acquired during late August or early September for every year in the study period, as is consistent with similar studies on postfire recovery of chaparral (Henry & Hope, 1998; Hope et al., 2007; McMichael et al., 2004) . Landsat datasets obtained through the LSRCDR site also include nominal cloud-masking images derived from the Fmask software algorithm (Zhu & Woodcock, 2012) , which were used to remove cloud-affected pixels from five of the Landsat images (the other 25 images were cloud-free in the areas of interest). We used SVI datasets provided by USGS LSRCDR, which are described in Table 1 .
We used high spatial resolution orthoimagery from USGS (earthexplorer.usgs.gov) to map prefire and postfire growth form covers (classification procedures described below); site-level fractional cover changes were estimated from these maps. A set of 1 m spatial resolution, three band (G-R-NIR) color infrared (CIR) scanned aerial photographs (acquired September 1996) which had been orthorectified, enabled prefire vegetation cover classification, while 0.5 m spatial resolution, four band (B-G-R-NIR) digital orthoimage tiles (acquired May 2012) enabled recent (postfire) vegetation cover to be classified and quantified. We used vegetation community type maps (produced in 1995), which follow the Holland (1986) classification code, to identify chamise chaparral sites (http://sandag.org). We obtained historic fire perimeter maps from California Fire Resource and Protection (http:// frap.cdf.ca.gov), which we combined with the vegetation community type maps in order to delineate even-age chamise chaparral stands.
Study site selection procedures
As a basis for the regrowth trajectory sensitivity analysis, we selected 74 areas of interest (AOIs) from chamise chaparral stands within the 2003 fire perimeters which include a range of shrub recovery levels. Fifty-five of these AOIs appeared to be partially type-converted based on visual comparison of the 1996 and 2012 orthoimages; 19 AOIs that appeared recovered were selected from areas near the degraded sites. The AOIs were delineated as 90 m × 90 m (~0.8 ha) plots which coincide with 3 × 3 30 m Landsat pixel blocks, from which SVI time series were later derived. Annual SVI values of the Landsat pixel elements were averaged at each site in order to reduce effects of geometric misregistration on the time series (cp. Hope et al., 2007) . Subsets of the orthoimages corresponding to the AOIs were extracted to support prefire and postfire assessment of growth form cover. We selected areas that were fire-free during the period 1986-1996, to assure that prefire shrub cover assessments based on the 1996 orthoimages represented mature canopy states. Potential AOIs were constrained to areas that burned after the 1996 imagery was acquired, which are mainly in the extensive 2003 fire perimeters shown in Fig. 2 .
As a basis for the long-term recovery analysis, we selected an entirely different set of 90 m × 90 m AOIs (hereafter referred to as sites) from chamise stands which underwent 19 to 29 years of postfire recovery during the study period. We ensured that these sites had not burned within a decade prior to 1984, when the first Landsat TM images were acquired. Although differences in prefire and postfire shrub cover were not estimated for this long-term change analysis, shrub cover at these sites appeared healthy and well recovered based on the 2012 orthoimagery. Unburned control plots were selected for the purpose of normalizing both sets of study sites, as outlined in Fig. 1 and mapped in Fig. 2 . Control plots consisted of 3 × 3 blocks of Landsat pixels in older chamise stands which are proximal to the burned sites. Other factors for selecting control sites included stand size, shrub canopy homogeneity, and similarity of prefire Landsat NDVI values relative to the study sites.
Postfire recovery metrics applied to the Landsat time series
Two different Landsat time series were derived for each 0.8 ha study site, one based on the original SVI values and the other upon values that were normalized using the unburned control plots. For the regrowth trajectory sensitivity analysis, it was necessary to compute summary statistics which represent the prefire SVI levels and postfire trajectories according to their 10-year asymptotes. Median SVI values from the period 1998 to 2003 were used to represent prefire levels. From SVI vs. time plots, we derived ordinary least squares (OLS) best-fit lines for each regrowth trajectory, following the observation that the postfire trends are characteristically linear between 4 and 10 years. We excluded from the OLS regressions the first four postfire data points, because postfire annual and suffrutescent plants are often dominant during this period and introduce spurious noise to the signal of chamise chaparral recovery (Hope et al., 2007; Keeley, 2000; McMichael et al., 2004) . Hence, the early postfire years were deemed less appropriate and useful than the later years for estimating recovery. We used maxima of the OLS best-fit lines applied to the trends between 2008 and 2014 as postfire recovery asymptotes. We also derived averages of years 2009-2011 and 2012-2014 as alternative postfire asymptotes, because declines related to drought-like conditions were observed in the trajectories from 2012 to 2014. An example of a trajectory as captured by statistics and OLS regression is shown in Fig. 3 .
Several postfire recovery metrics were tested on the Landsat SVI time series. Index values based on the SVI and plot-normalized SVI values are both represented as I for the sake of simplicity. We implemented the Difference Recovery Metric (DRM) and the Ratio Recovery Metric (RRM), which are both based on prefire median index values (I prefire ) and postfire asymptote index values (I recovering ) (cp. DiazDelgado et al., 1998):
The DRM and RRM represent the arithmetical difference and quotient of a postfire asymptote and a prefire median value, respectively, as represented by the variable c in shown in Fig. 3 .
Two factors may limit the consistency and comparability of trajectories based on the DRM and RRM: 1) variability in the baseline (first-year postfire) index values (I burned ) which mainly represent the soil background and senescent vegetation, and 2) variation in the ranges between I burned and I prefire values. To account or normalize for these differences, we formulated and evaluated a scaled version of the RRM, termed the Scaled Recovery Metric (SRM):
The SRM is potentially less sensitive than the DRM and the RRM to differences in the spectral properties of shrub canopy backgrounds, and may provide a means of normalizing regrowth trajectories for inter-site differences in vegetation abundance (cp. Miller & Thode, 2007) . This metric represents fractional return from the SVI (or plotnormalized SVI) level under de-vegetated postfire conditions to the prefire level, across a range of values which is specific to each site. Table 1 Formulae and band wavelength ranges of spectral vegetation indices produced by USGS based on Landsat surface reflectance imagery.
Spectral band properties Sensor: 
Stratification of recovery outcomes based on orthoimagery
We estimated changes in the fractional cover of true shrubs (primarily chamise) at the 74 regrowth trajectory sensitivity analysis sites based on prefire (1996) and postfire (2012) aerial orthoimagery. Fractional cover of the following growth form classes was mapped: true shrub, subshrub (including Artemisia californica, Salvia mellifera, S. apiana, and Eriogonum fasciculatum), and herbaceous (mainly the grasses Bromus madritensis and Vulpia octoflora). Subshrub and herbaceous cover were combined into a single class because: 1) these growth form types are difficult to separate based on CIR orthoimagery of 1 m spatial resolution, and 2) substantial changes in cover from true shrub into subshrub and/or herbaceous growth forms typically represents a type conversion. Exposed soil/rock was represented as a third class, because substantial increase of bare soil and rock can also represent a lack of postfire recovery.
We conducted pixel-level classification of NDVI images derived from the high spatial resolution orthoimages. We classified the images into the three classes described above, by applying two different histogram cut-off thresholds that were determined independently for each site. This technique proved to be accurate and more efficient than conventional unsupervised and supervised image classification techniques, based on several pilot studies. The rationale for this approach is based on the finding that areas covered by true shrubs (e.g. chamise) exhibit distinctly higher NDVI values than patches or stands of subshrubs and herbaceous plants, and that exposed rock and soil exhibit distinctly lower NDVI values than plant growth forms. We chose the NDVI thresholds used for each site by interactive sampling of NDVI values, while overlaying the CIR orthoimages to visually assess the spatial arrangement of vegetation types. We performed classifications iteratively until close agreement between the classification products and visual interpretations was achieved.
Thematic images resulting from this process provided estimates of shrub fractional cover change (SFCC) between 1996 and 2012, which are represented as absolute rather than relative percentages of change. We defined equal-interval postfire SFCC ranges in order to categorize the recovery outcomes, as follows: recovered (+7.5% to −7.5% SFCC), moderately degraded (− 7.5% to − 22.5% SFCC), and severely degraded (− 22.5% to − 37.5% SFCC). We randomly selected 10 of the study sites for accuracy assessment of the 1996 and 2012 growth form maps. We generated 40 points in a random spatial distribution within each of these sites. A growth form class was then assigned to each of the points, based on visual interpretation of the orthoimages in CIR display. We then extracted thematic values of the growth form maps to the same points and compared the results numerically.
Statistical analysis and interpretation
We derived a total of 126 recovery metric values from time series of seven different Landsat SVIs (Table 1) , with and without control-plot normalization, using three metrics (DRR, RRM, and SRM), and three postfire trajectory asymptote measures. In order to assess correspondence between the recovery metric values and levels of shrub recovery, we first compared SFCC values with the recovery metric values using X-Y regressions plots. This preliminary assessment suggested that eight of the 126 potential datasets co-varied closely with SFCC. For these eight dataset types, we conducted a one-way analysis of variance (ANOVA) to assess whether the Landsat SVI-based postfire recovery metric values are statistically different between the three recovery classes. The X-Y scatter plots of SFCC versus the recovery metric datasets which also showed high statistical significance (based on ANOVA tests) are included as results, providing an alternate basis for assessing the sensitivity and reliability of these recovery metrics.
To support the long-term change analysis, we compared the SVI trajectories with published field data showing rates of vertical and horizontal postfire regrowth of chamise, in a descriptive manner. In order to evaluate the effectiveness of RI normalization, we computed coefficients of correlation between annual precipitation and the prefire (1998) (1999) (2000) (2001) (2002) (2003) and postfire (2008) (2009) (2010) (2011) (2012) (2013) (2014) time series, based on annual averages among the 74 regrowth trajectory sensitivity analysis sites. These coefficients of correlation were computed using the original SVI data and SVI values that were normalized based on control plots. In order to account for variability in the time series related to regrowth, annual postfire values were normalized relative to the best-fit regressions lines derived for the period 2008 to 2014.
Results
Accuracy and results obtained from growth form maps
Accuracy assessment of growth form maps associated with 10 of the 74 regrowth trajectory sensitivity analysis sites indicates that classification accuracy was reasonable, and generally higher for the 2012 maps (88.8%) than for the 1996 maps (76.3%). This accuracy is based on the median number of points which were mapped correctly among the sites (Table 2) . Error rates are highest in the subshrub/herbaceous class, followed by the true shrub class for both map sets. These growth form map accuracies are acceptable the purpose of categorizing three postfire recovery classes. Errors of commission and omission in each class (not reported) are nearly equivalent, so there is no need to adjust these site-level estimates of true shrub cover.
Based on the growth form classification products, we differentiated portions of the shrub canopy matrix which recovered following fire from portions which changed to subshrub/herbaceous cover or soil/ rock. Postfire shrub fractional cover change (SFCC) at approximately half of the study sites is between −10% (negative values indicate postfire decrease) and +10%, and therefore shows a general pattern of recovery at the 2003 fire sites, as shown in Fig. 4 . Twenty-seven of the sites exhibit −10% to −30% SFCC, while seven of the most severely degraded sites exhibit − 30% to −40% SFCC. True shrub cover generally converted to subshrub/herbaceous cover at sites that were degraded. The subshrub/herbaceous growth form class shows more frequent postfire increases and fewer decreases in cover than the true shrub class. Postfire increase of the soil/rock class is the most prevalent, and generally between + 10% and + 20%, as shown in Fig. 4 . An example of a growth form classification based on high spatial resolution NDVI images is given in Fig. 5. 
Sensitivity of Landsat SVI time series and metrics to postfire recovery
Results of ANOVA tests were used to determine if the Landsat SVI trajectory metric datasets (unique configurations of postfire recovery metric, asymptote type, SVI, and RI normalization) are statistically significant indicators of postfire recovery, and are presented in Table 3 . All except two of the recovery metric datasets based on NDVI yielded p-values of less than 0.05, which suggests that these Landsat NDVI time series recovery metric values enable differentiation of the postfire recovery classes. The ANOVA test results for other SVIs indicated statistical significance for only one dataset based on NBR and NDMI, and three datasets based on NBR2. Based on the p-values (Pr N F) and R 2 values, the datasets which are the strongest indicators of recovery status are plot-normalized NDVI, NBR2 and plot-normalized NBR2, each based on the SRM (Table 3) .
Scatterplots of the SRM datasets based on NDVI and NBR2 (shown in Fig. 6 ) indicate co-variability with SFCC. The recovery estimates based on plot-normalized NDVI appear to distinguish SFCC differences of 15% or greater with moderate reliability. Because postfire fractional cover changes in the subshrub/herbaceous growth form class (whether positive or negative) may also contribute to changes in Landsat SVI values, fractional cover change estimates for this class were summed with the true shrub change estimates as a test. Applying a multiplier coefficient of 0.63 for contribution of the subshrub/ herbaceous change values (a value which produced the most linear trend based on iterative testing), this combined estimate of fractional cover change co-varies with the SRM values (especially those based on plot-normalized NDVI) more closely than the SFCC data alone (Fig. 6-d) .
Postfire regrowth trajectories were derived based on the SRM values of each postfire year; the SRM was previously applied only to postfire asymptote values. The SRM was applied to trajectories of NDVI, plot-normalized NDVI, NBR2, and plot-normalized NBR2 which were grouped according to recovery class, as displayed in Fig. 7 . The separability of the recovery classes based on the SRM is comparable between NDVI and plot-normalized NDVI during the last few years of the postfire monitoring period. However, NDVI appears to be more sensitive to inter-annual moisture availability than NBR2, and thus may result in less reliable estimates of postfire recovery.
The NBR2 trajectories are more similar to their control-plot normalized counterparts than those based on NDVI. The degree of separation between the recovered and severely degraded classes based on the SRM is comparable for NDVI and NBR2, and for their plot-normalized counterparts, respectively. Although plot-normalized NDVI exhibits a trend with fewer outliers in relation to SFCC than NBR2 (Fig. 6) , the higher R² value for NBR2 (Table 3) is likely a result of its ability to better separate pixels belonging to the recovered category from those associated with the moderately degraded category (Fig.  7) . The plot-normalized NBR2 trajectories based on the SRM provide the clearest distinction between the three recovery categories overall, as shown in Fig. 7. 
Longer-term vegetation changes and comparison of SVI sensitivities
We extracted Landsat SVI data to represent the regrowth trajectories of 14 chamise chaparral sites which burned during the period 1984-1994 and which were undisturbed by fire through 2014. For each SVI, the annual median value of 14 plot-normalized SVI trajectories relative to the final three years in each trajectory is shown in Fig. 8 .
Rates of postfire surface cover and height increase of chamise based on published field data are also shown in Fig. 8 . The time series trends suggest that NDVI, NBR, and NBR2 are more sensitive to the gradual, long-term growth of chamise associated with postfire recovery than the other SVIs. The EVI, SAVI, MSAVI, and NDMI trajectories show relatively steep, positive slopes in the first four postfire years. Based on the published field data, vertical regrowth of chamise continues well beyond four years (Fig. 8-c) , suggesting that the former SVIs are insensitive to gradual, long-term recovery. Based on a four-year observation period, Fig. 8-b suggests that horizontal expansion of chamise begins to slow after three years postfire. Hence, much of the observed increase in EVI, SAVI, MSAVI, and NDMI may be related to horizontal rather than vertical regrowth. NDVI, NBR, and NBR2 appear sensitive to short-term as well as long-term vertical and horizontal regrowth, and may thus be the most useful for postfire recovery assessment.
Utility of normalizing for precipitation variability based on unburned control plots
Annual precipitation and regrowth trajectories of several of the regrowth trajectory sensitivity analysis sites, based on NDVI and plot-normalized NDVI time series, are shown in Fig. 9 . The NDVI trajectories follow declining trends in annual precipitation from 1998 to 2002 and from 2012 to 2014, and exhibit a peak during the wetter years (2010 and 2011) of the postfire recovery period. Plot-normalized NDVI trajectories appear less affected by precipitation and more consistent with the expected pattern of vegetation regrowth, characterized by substantial and incremental increases in the first five years and gradual changes in subsequent years (Horton & Kraebel, 1955) . Plot-normalized NDVI also declines from 2011 to 2014, which may suggest that the recovering sites were more impacted by the dry conditions than their respective control sites during that period (Fig. 9) .
In order to evaluate the utility of control-plot normalization for reducing the effects of precipitation on the Landsat SVI trends, we show coefficients of correlation between annual precipitation and annual SVI and plot-normalized SVI values in Table 4 . Low coefficients of correlation signify low influence of precipitation variability on the SVI time series and more distinct trajectories, which are beneficial for estimating postfire recovery. The coefficients of correlation are lowered by 0.26 to 0.38 for NDVI, EVI, SAVI, and MSAVI as a result of RI normalization in the prefire period, and by 0.13 to 0.20 in the postfire period.
The NDMI exhibits negative correlation with annual precipitation, and correlation coefficients are not significantly reduced when RI normalization is used on NDMI. Coefficients of correlation based on NBR2 exhibit the greatest reduction (0.58) following RI normalization in the prefire period, while the lowest overall coefficient of correlation (−0.07) during the postfire period is also associated with NBR2. In addition, the NBR2 shows the least correlation (0.31) with precipitation without the use of RI normalization (during the postfire period).
Discussion and conclusions
The primary objective of this study is to assess how well several metrics, applied to trajectories derived from Landsat SVI time series, capture postfire recovery and possible type conversion of chamise chaparral. ANOVA tests reveal that several of the Landsat-derived recovery indicators distinguish between recovering, moderately degraded, and severely degraded sites. Evaluation of several combinations of SVIs and postfire recovery metrics revealed that NDVI and NBR2 (and to a lesser degree, NDMI and NBR) trajectories are significantly correlated with postfire recovery outcomes, especially based on the Scaled Recovery Metric (SRM) but also the Difference Recovery Metric (DRM). Recovery estimates based on the SRM were most robust when control-plot Table 3 Analysis of variance (ANOVA) results. Table shows the results for several SVIs based on selected postfire metrics/sample types relative to three postfire recovery classes, with a 95% confidence level and 65°of freedom (n = 65). All results for NDVI are shown, and for other SVIs where (Pr N F) b 0.05 (in bold font).
Input dataset characteristics:
Goodness normalization for precipitation effects was used. The soil-adjusted type of SVIs (e.g. SAVI, MSAVI and EVI) yielded regrowth trajectories that were less sensitive to recovery. This finding reflects those of other studies which suggest that SAVI and SAVI-like indices are less sensitive than NDVI to changes in Mediterranean-type shrublands (Baret & Guyot, 1991; Clemente et al., 2009; Vila & Barbosa, 2010) . The moderate co-variability between the Landsat recovery metric datasets and the orthoimage-based shrub fractional cover change (SFCC) estimates, however, suggests some limitation in how reliably type conversion can be detected using Landsat SVI time series. Only type-converted chamise chaparral sites that underwent postfire shrub cover decline of 15% or greater were distinguishable from well-recovered sites, using the SRM. Most of the sites that were classified as severely degraded underwent substantial, negative postfire SFCC of 20-30%. It is likely that more severe postfire degradation occurs at chamise chaparral sites that experience frequent burning (cf. Lippitt et al., 2013) , which would be detectible using a Landsat SVI time series and recovery trajectory metric approach. Using Landsat data to directly infer levels of type conversion in a particular landscape, however, would require calibration and empirical relationship based on detailed estimates of shrub cover change from orthoimagery and/or field measurements.
Long-term (19 to 29 years) postfire regrowth trajectories suggest that NBR2 is more sensitive to gradual growth of chamise during postfire recovery than the other SVIs which we examined (cp. Carreiras et al., 2006; Chen et al., 2011) , followed by NDVI. The effectiveness of NBR2 reflects the sensitivity of the SWIR1 (1.55-1.75 μm) and SWIR2 (2.09-2.35 μm) spectral band combination to the postfire regrowth dynamics of chamise chaparral. In contrast, NBR and NDMI utilize the NIR spectral band, and are less sensitive to long-term recovery than NBR2. Although NBR2 showed sensitivity to subtle changes of chamise chaparral 12 to 19 years postfire, more than 95% of the postfire regrowth (as detected by NBR2 and NDVI) occurs within ten years postfire. This finding is consistent with previous studies (Hope et al., 2007; Horton & Kraebel, 1955; Keeley & Keeley, 1981) , though more substantive analysis of SVI trends during postfire recovery would require field data from the same site and study period.
The use of control-plot normalization proved effective for reducing the inter-annual variability ('noise') in the Landsat SVI time series that tends to co-vary with annual precipitation (cf. Diaz-Delgado et al., 1998; Diaz-Delgado et al., 2002; Idris et al., 2005; Li et al., 2008) . In effect, this normalization yielded trajectories with clearer trends of regrowth and provided better estimates of recovery based on the Landsat time series and metrics. However, this method of normalization requires selection of a sufficient number of unburned control sites, which should be similar in terms of micro-climate and vegetation cover to the burned sites. These requirements posed a major challenge in our study area due to the fragmented spatial distribution of chamise chaparral patches, dissimilarity of vegetation cover and micro-climate between sites, and inaccuracies in the historic fire perimeter data.
Reasonable estimates of recovery were obtained without normalization based on the scaled recovery metric and NBR2, potentially eliminating the requirement of control plots for differentiation of relative postfire recovery outcomes.
The Landsat SVI trajectory-based approaches explored here are intended to facilitate comparative, inter-site assessments of environmental and fire regime effects on postfire recovery of chamise chaparral. Differences in shrub cover heterogeneity, soil background, and general abundance of vegetation across the climatic gradient of our study area Field data of (absolute) surface cover increase rates of A. fasciculatum, averaged for 16 sites in San Diego County (from Keeley & Keeley, 1981) . (c) Field data showing rates of postfire height increase for A. fasciculatum, based on repeated measurements of one or two seedlings and resprouts over 25 years (from Horton & Kraebel, 1955). represent the main difficulties for inter-site comparison of postfire recovery patterns based on Landsat SVI time series. The findings of this study suggest that the scaled recovery metric and the NBR2 (which is useful without control-site normalization) would facilitate broadscale, inter-site-comparative recovery assessment of geographically fragmented chamise chaparral stands. Other studies underscore the utility in spatially explicit (i.e. per-pixel rather than pixel-group aggregated) assessment of postfire effects to elucidate relationships or feedbacks between fire regime, fuel development, and vegetation community structure, which may change through time (Finney & Ryan 1995; Chuvieco, 1999; Henry & Yool, 2002; Lloret et al., 2002; Roder et al., 2008; van Leeuwen et al., 2010) . Our study represents an advancement toward this goal with regard to chaparral of southern California, and this exploratory framework may also prove applicable to other structurally heterogeneous vegetation types. In future studies it could be instructive to compare postfire recovery patterns of chamise chaparral within stands of various fire histories, landscape positions, and time periods in order to determine how fire regime, micro-climate, and drought are related to postfire recovery. 
